We analyse data on the distances travelled using car and air transport modes in New Zealand by a large sample of international tourists from six different countries of origin. We use two-stage hurdle models to relate both the decision to use each mode and the distance travelled by a mode if used to visitor characteristics and prices. In general we find little evidence of price sensitivity for either decision, although older tourists, those with longer stays, and non-tour group travellers may be more price-sensitive. The most important characteristics for determining transport behaviour are shown to be length of stay, purpose of visit and travel style (tour vs non-tour).
Introduction
Tourism is an important economic activity in New Zealand. In 2007, there were about 2.3 million international visitors and 42 million trips by domestic tourists (Ministry of Tourism, 2008) . Not surprisingly, tourism is a major user of transportation, with about 16% of all road passenger-kilometres travelled in New Zealand generated by international and domestic tourists (Cullen et al., 2005) . Hence, tourism plays an important role in the context of transport, energy and climate change policies.
Travel distance is a useful variable to measure travel demand by tourists because it can be easily converted into energy consumption and carbon dioxide emissions. A greater understanding of the drivers of tourist travel behaviour would be very beneficial for policy makers and managers. One potentially important factor is the price of transport. Transportation costs, for example as a result of changes in oil prices and the emergence of low-cost airlines, have changed substantially in the last decade and influenced tourist behaviour (World Tourism Organisation, 2006; Gillen & Lall, 2004) . Many potential policies that address transport are economic in nature and may lead to an increase in the cost of transportation and subsequent changes in travel patterns (Ubbels, et al., 2002; Fulton, 2005; Sterner, 2007; Mayor & Tol, in press ).
Methodology

The International Visitor Survey
The data on tourist behaviour stems from the New Zealand International Visitor Survey (IVS), which is run by the Ministry of Tourism as a continuous exit survey. The IVS sampling methodology is designed to capture a representative sample of international tourists in terms of country of origin and gender. Weightings are then applied to the respondents based on country of origin, gender, age group, purpose of visit, and length of stay. For the purposes of this paper, we have used the IVS data on all tourists from the top six countries of origin, between 1997 and 2007. In total, these top six origins comprise 71% of all international tourists to New Zealand (Table 1) . IVS respondents are asked a number of questions to determine their characteristics. Table 2 shows the eight characteristics variables that we used in this study, the levels of each, and the unweighted percentage of tourists in the IVS sample dataset having each level of each characteristic. Each IVS respondent is asked about their itinerary within New Zealand, and the transport mode used for each leg of the journey. The analysis presented here focuses on car and air travel. It is likely that different transport modes will have different demand drivers. One data problem is that prior to 2005, for most IVS respondents the transport mode for the first and last legs of their itinerary is coded as 'unknown'. For this reason, the distance travelled by each respondent in this analysis excludes the first and last legs of their journey. The total distance travelled by each IVS respondent using each transport mode was calculated by applying a matrix of travel distances to the origindestination pairs given for each leg of a respondent's itinerary .
Price Data
We have obtained two price indices for the two transport modes. Figure 1 shows the quarterly petrol price index in New Zealand dollars obtained from Statistics New Zealand. We use the petrol price index to represent the cost of car transport within New Zealand. While other fuel types (e.g. diesel) may be used, their prices are highly correlated with the petrol price.
For international tourists, the relevant price should be expressed in terms of their home currency, as tourists will convert New Zealand dollar prices to foreign currency terms when making purchase decisions (Dwyer, Forsyth & Rao, 2001 ). The petrol price increased by 81% in New Zealand dollar terms over the 11 year period shown in Figure  1 . In foreign currency terms, some of the increase in the petrol price was offset by the depreciation of the New Zealand dollar against most other currencies until mid 2001. Subsequently, the increase in the New Zealand petrol price together with the appreciation of the New Zealand dollar combined to generate a rapid increase in petrol prices in foreign currency terms (Figure 1 ).
The price of the air transport mode was measured by the quarterly domestic air transport price index obtained from the consumer price index (Statistics New Zealand, 2008) and converted into the different foreign exchange currencies. A similar pattern is observed as for petrol prices, although there has been a decline in this price index since mid 2006, possibly due to increased competition on domestic air routes. 
Models
A tourist's transport choice can be modelled in two steps: one is the decision to use a transport mode, and the other is the distance travelled by that mode given it is used (Palmer-Tous, 2007) . Hence, for any given characteristics and prices, we may obser some tourists who travelled a positive distance using a particular mode, as well as some who did not use that mode. This means there is a non distance travelled by a mode and potential explanatory variables such as charac and prices. In technical terms, the distance data is censored at zero.
One approach to modelling this type of data is to use a censored Tobit regression model (Wooldridge, 2002) . This type of model assumes that the same process is responsible fo both the decision to use a transport mode and the distance travelled by that mode. It is possible that the variables that affect these two choices are different, and to allow for this we have used a more flexible approach known as a hurdle model or two Given that tourists who stay for longer will tend to travel greater distances in total, we use the distance travelled by each mode per night spent in New Zealand as the dependent variable. Car and air transport modes will be modelled separately the six origins.
Let ‫ݕ‬ 0 be the distance travelled per night by a given mode for respondent from a given origin, and let dummy variables representing visitor char specifies the probability of using the transport mode: A tourist's transport choice can be modelled in two steps: one is the decision to use a transport mode, and the other is the distance travelled by that mode given it is used Hence, for any given characteristics and prices, we may obser some tourists who travelled a positive distance using a particular mode, as well as some who did not use that mode. This means there is a non-linear relationship between the distance travelled by a mode and potential explanatory variables such as charac and prices. In technical terms, the distance data is censored at zero.
One approach to modelling this type of data is to use a censored Tobit regression model (Wooldridge, 2002) . This type of model assumes that the same process is responsible fo both the decision to use a transport mode and the distance travelled by that mode. It is possible that the variables that affect these two choices are different, and to allow for this we have used a more flexible approach known as a hurdle model or two Given that tourists who stay for longer will tend to travel greater distances in total, we use the distance travelled by each mode per night spent in New Zealand as the Car and air transport modes will be modelled separately be the distance travelled per night by a given mode for respondent from a given origin, and let ‫ݔ‬ be a matrix of explanatory variables including prices and dummy variables representing visitor characteristics. The first stage of the hurdle model specifies the probability of using the transport mode: Quarterly New Zealand petrol price index in domestic and foreign currency terms using exchange rates from the A tourist's transport choice can be modelled in two steps: one is the decision to use a transport mode, and the other is the distance travelled by that mode given it is used Hence, for any given characteristics and prices, we may observe some tourists who travelled a positive distance using a particular mode, as well as some linear relationship between the distance travelled by a mode and potential explanatory variables such as characteristics One approach to modelling this type of data is to use a censored Tobit regression model (Wooldridge, 2002) . This type of model assumes that the same process is responsible for both the decision to use a transport mode and the distance travelled by that mode. It is possible that the variables that affect these two choices are different, and to allow for this we have used a more flexible approach known as a hurdle model or two-tier model. Given that tourists who stay for longer will tend to travel greater distances in total, we use the distance travelled by each mode per night spent in New Zealand as the Car and air transport modes will be modelled separately for each of be the distance travelled per night by a given mode for respondent i be a matrix of explanatory variables including prices and acteristics. The first stage of the hurdle model In terms of the price-characteristics interactions, recall that the price faced by tourists from a given origin varies on a given characteristic is low, it is possible that the coefficient on the interaction between that characteristic and price could be heavily influenced by changes in the number of respondents with that cha variation. These variations would be attributed to the interaction between price and that characteristic, but are not indicative of genuine price effects. (1) capture the possibility that tourists with different characteristics may have different propensity to use a transport mode and/or may travel per night by the modes they use. The price variables (2) capture the es on mode choice and mode usage. The price-characteristics interactions (3) capture the possibility that the price sensitivity of mode choice and/or usage may differ across tourists with different characteristics. Finally the time trend (4) ossibility that mode choice and/or usage may be changing over time due to external factors unrelated to characteristics or prices. characteristics interactions, recall that the price faced by tourists from a given origin varies on a quarterly basis. If the number of respondents with a given characteristic is low, it is possible that the coefficient on the interaction between that characteristic and price could be heavily influenced by changes in the number of respondents with that characteristic from quarter to quarter due to random sampling variation. These variations would be attributed to the interaction between price and that characteristic, but are not indicative of genuine price effects. can be obtained from an ordinary observations for which ‫ݕ‬
0.
variables that we have considered for inclusion in the matrix Dummy variables representing the visitor characteristics shown in Table 2 .
Interactions between the characteristics dummy variables and the price indices.
(1) capture the possibility that tourists with different characteristics may have different propensity to use a transport mode and/or may travel by the modes they use. The price variables (2) capture the characteristics interactions (3) capture the possibility that the price sensitivity of mode choice and/or usage may differ across tourists with different characteristics. Finally the time trend (4) ossibility that mode choice and/or usage may be changing over time due characteristics interactions, recall that the price faced by tourists quarterly basis. If the number of respondents with a given characteristic is low, it is possible that the coefficient on the interaction between that characteristic and price could be heavily influenced by changes in the number of racteristic from quarter to quarter due to random sampling variation. These variations would be attributed to the interaction between price and that For example, as shown in children. The number of respondents from a given origin in a given quarter who travelled with children is generally less than ten. given origin with children from one to five, simply because of random sampling variation. Thus the relatively large random variation in the characteristics dummy variable may result in price characteristics interaction variables appearing artificially important.
To attempt to minimise the severity of characteristics interactions variables where the number of respondents from an origin with each level of the characteristic was at least 20 in most quarters. In some cases we redefined characteristics variables with fe requirement. To avoid introducing too many variables into the models, we also did not interact the interview month characteristic with price. variables that we have and have not interacted with price for each of the origins, and the redefinitions of the characteristics variables that were applied where necessary. For each of the two transport mode substitution between modes in response to price changes. Only the own price of each mode was interacted with characteristics as shown in To summarise and illustrate the form of the models used, consider the following example. Let be the distance travelled per night by respondent tourists have a single characteristic dummy variables ‫ܦ‬ ଵ and i for car transport, and let which respondent i visited New Zealand. Then, the OLS equation for the second stage of the hurdle model given that
This equation includes a constant term, the characteristics dummy variables, interactions between the characteristics dummies and the car price, the car price, the air price, and the time trend. The models we estimated have this type of form, where the actual interactions between characteristics and prices are as given in Under this model specification, the hurdle models for each transport mode and visitor origin contain a large number of variables. For example, the models for tourists from Australia contain 40 variables. The large sample sizes (see degrees of freedom problem, however in the estimation results of the full models, many estimated coefficients are statistically insignificant. of general-to-specific model selection to determine the explanatory variables that have a statistically significant relationship with mode choice and distance per night. Starting from the most general model in each case, we successively statistically significant variable until only variables that were significant at the 5% level remained. This process was conducted independently for the two stages of the hurdle model for each origin and mode, to allow for the possibil for mode choice may differ from those for mode use. Following the model selection For example, as shown in Table 2 , only 7.8% of all IVS respondents travelled with he number of respondents from a given origin in a given quarter who travelled with children is generally less than ten. The number of respondents from a given origin with children in a quarter can change by a relatively large amount, say simply because of random sampling variation. Thus the relatively large random variation in the characteristics dummy variable may result in price characteristics interaction variables appearing artificially important.
To attempt to minimise the severity of this problem, we only included price characteristics interactions variables where the number of respondents from an origin with each level of the characteristic was at least 20 in most quarters. In some cases we redefined characteristics variables with fewer discrete levels, so as to meet this requirement. To avoid introducing too many variables into the models, we also did not interact the interview month characteristic with price. Table 3 shows the characteristics variables that we have and have not interacted with price for each of the origins, and the redefinitions of the characteristics variables that were applied where necessary. For each of the two transport modes, we included the prices of both modes, to capture potential substitution between modes in response to price changes. Only the own price of each mode was interacted with characteristics as shown in Table 3 .
To summarise and illustrate the form of the models used, consider the following be the distance travelled per night by respondent i by car. Suppose tourists have a single characteristic that takes three levels, represented by the two and ‫ܦ‬ ଶ . Let ‫‬ be the price in foreign currency faced by respondent for car transport, and let ‫ݎ‬ be the price for air transport. Let ‫ݐ‬ indicate the quarter in visited New Zealand. Then, the OLS equation for the second stage of the hurdle model given that ‫ݕ‬ 0 can be written as:
This equation includes a constant term, the characteristics dummy variables, interactions between the characteristics dummies and the car price, the car price, the air price, and the time trend. The models we estimated have this type of form, where the ual interactions between characteristics and prices are as given in Table   Under this model specification, the hurdle models for each transport mode and visitor origin contain a large number of variables. For example, the models for tourists from Australia contain 40 variables. The large sample sizes (see Table 1 ) mean that there is no degrees of freedom problem, however in the estimation results of the full models, many estimated coefficients are statistically insignificant. Accordingly, we have used a process specific model selection to determine the explanatory variables that have a statistically significant relationship with mode choice and distance per night. Starting from the most general model in each case, we successively eliminated the least statistically significant variable until only variables that were significant at the 5% level remained. This process was conducted independently for the two stages of the hurdle model for each origin and mode, to allow for the possibility that the significant variables for mode choice may differ from those for mode use. Following the model selection 7 , only 7.8% of all IVS respondents travelled with he number of respondents from a given origin in a given quarter who he number of respondents from a can change by a relatively large amount, say simply because of random sampling variation. Thus the relatively large random variation in the characteristics dummy variable may result in pricethis problem, we only included pricecharacteristics interactions variables where the number of respondents from an origin with each level of the characteristic was at least 20 in most quarters. In some cases we wer discrete levels, so as to meet this requirement. To avoid introducing too many variables into the models, we also did not shows the characteristics variables that we have and have not interacted with price for each of the origins, and the redefinitions of the characteristics variables that were applied where necessary. For each s, we included the prices of both modes, to capture potential substitution between modes in response to price changes. Only the own price of each To summarise and illustrate the form of the models used, consider the following by car. Suppose that takes three levels, represented by the two be the price in foreign currency faced by respondent indicate the quarter in visited New Zealand. Then, the OLS equation for the second stage ൫‫ݎ‬ ൯ ߚ ‫ݐ‬ ߝ This equation includes a constant term, the characteristics dummy variables, interactions between the characteristics dummies and the car price, the car price, the air price, and the time trend. The models we estimated have this type of form, where the Table 3 .
Under this model specification, the hurdle models for each transport mode and visitor origin contain a large number of variables. For example, the models for tourists from ) mean that there is no degrees of freedom problem, however in the estimation results of the full models, many ave used a process specific model selection to determine the explanatory variables that have a statistically significant relationship with mode choice and distance per night. Starting eliminated the least statistically significant variable until only variables that were significant at the 5% level remained. This process was conducted independently for the two stages of the hurdle ity that the significant variables for mode choice may differ from those for mode use. Following the model selection procedure, we checked that the explanatory power of the reduced model was not greatly less than the full model, using the log-likelihood statistic for the probit models and the adjusted R 2 statistic for the log-normal models.
As will be demonstrated in the results below, in many cases the price and pricecharacteristics interaction variables were statistically insignificant and did not survive the model selection process. Since some of the characteristics variables were redefined with fewer categories in order to include interactions with price in the model, we also estimated a second set of models where no price variables were included, but all possible levels of the characteristics variables shown in Table 2 were used. 15-24, 25-34, 35-44, 45-54, 55+ 
Results
This section first presents some basic patterns and trends of travel distance amongst the modelled segments. We then provide results of the 24 different sets of hurdle models, defined by the six origins, two transport modes for each origin, and two types of model (with and without prices) for each origin-mode combination.
Travel distance results
Travel distance by international tourists to New Zealand across all transport modes reached a maximum in 2005 and decreased slightly since then (Figure 2 ). In 2007, tourists from the top six origins represented about 68% of the total kilometres travelled by international tourists. For all origins and the top six origins, the distance travelled in the first and last leg represented about 15% and 17% of the total distance respectively. On average, international tourists with longer lengths of stay in New Zealand tend to travel total greater distances during their stay (Figure 3) . The annual average distance per night across all transport modes is also shown in Figure 3 Cross-tabulations of the propensity to use each mode and distance by mode per night against origin and the characteristics variables shown in Table 3 indicated potential explanatory power of these drivers. For example, VFR tourists are most likely to use car, while business tourists travel relatively high distances per night by air, although the use of domestic car and air transport by business tourists is relatively low, suggesting that they tend to use international flights directly to their main destination. Also, there seems to be a clear seasonal pattern in the propensity to use car transport, with use increasing in the summer. Propensity to use air transport and distance by each mode does not have a very clear seasonal pattern. We can also observe a general increase in the propensity to use car over time, and a decrease in the propensity to use air. The average distance travelled by car per night has remained relatively constant, while there has been a slight decrease in the distance travelled by air (Figure 4 ). Table 4 and Table 5 show the estimated coefficients for the selected probit models of car use and log-normal models of car distance per night when price and pricecharacteristics interactions variables were included in the model selection process. An 'n.a.' represents a variable that did not survive the model selection process, while '---' represents a price-characteristics interaction variable that was not included in the model selection, for the reasons discussed above. Explanatory power of the car models is relatively good, as measured by the pseudo R 2 for the probit models and the adjusted R 2 for the log-normal models.
Models with Prices
It can be seen in Tables 4 and 5 that the relationships between price and propensity to travel by car and distance travelled are generally not significant or ambiguous. Theoretically plausible price results are only obtained for the Australia propensity model (Table 4 ) and the UK and Japan distance per night models (Table 5 ). In the latter cases, the results indicate distance price elasticities of -0.175 and -0.357 respectively, indicating that, of those tourists who choose to use car, the distance travelled per night is relatively insensitive to price. These values confirm short-term elasticities presented in earlier studies (Graham & Glaister, 2002) . Most of the price-characteristics interactions variables are not statistically significant. One of the few exceptions are non-tour group tourists who are more price sensitive in terms of the decision to use car, for the US and Japanese segments (Table 4) . Also, tourists who stay longer seem to be more sensitive to changes in petrol prices in terms of travel distance compared with those who stay less than one week (Table 5 ).
The pure characteristics variables in these models pick up a variety of effects. For Australian and British visitors, the propensity to use car seems to decrease in winter months. Couples and family and friends groups are more likely to use car, while tour groups are less likely, relative to those who travelled alone. VFR tourists are more likely to use car compared to holiday tourists, and middle age groups are more likely to use car than young, while older groups are less likely (Table 4) . Distance travelled by car per night is also higher for couples and family and friends groups compared to those who travelled alone, while VFR tourists travel shorter distances than those on holidays (Table 5 ). For some origins there is a reduction in distance per night for those with longer stays compared with shorter stays. Models for domestic air transport are shown in Table 6 and Table 7 (with prices included). Compared to the car models, the pseudo R 2 statistics for the air probit models indicate that explanatory power of these models is poor with the exception of Japan. On the other hand, the log-normal models for air distance per night generally perform better than the models for car distance per night.
As with the car models, most of the price and price-characteristics interactions variables did not survive the model selection process, while some of those that are significant have the wrong sign. Of the plausible results, older travellers from the USA seem to be more sensitive to air prices in terms of their propensity to use air, as do those with longer stays from Australia, the US and Japan (Table 6 ). Tourists in the business/education/other category from Australia and the USA are more price sensitive than holiday tourists from the same countries in terms of their distance travelled by air per night (Table 7) .
The characteristics variables show that couples and family and friends groups from Australia and the UK are less likely to use air transport, while the same types of tourists from Japan and China are more likely to use it. VFR tourists from all countries except Australia and the UK are less likely to use air, while Business/Education/Other tourists from Australia and the UK are more likely to use air (Table 6 ) and travel greater distance per night (for the Australian and USA segments) ( Table 7) . There is a general trend for tourists with longer stay to use air transport, as well as older age groups (Table  6) .
For some countries, older age groups also travel greater air distance per night than younger groups (Table 7) . Non-tour travellers are less likely to use air than tour travellers, with the exception of tourists from Korea and China. While air distance per night is negatively affected by length of stay, there does not seem to be a strong effect of month of visit (Table 7) . Tourists for whom it is not the first visit to New Zealand are more likely to use air if they come from Australia or the UK, but less likely if they come from the USA or Japan. There is no significant effect of first visit on air distance per night. Table 7 Air mode: Estimated log-normal models for kilometres per night (with prices). 
Models without Prices
In response to the weak explanatory power of prices, models were constructed that did not contain price, but higher levels of details for the other characteristics variables. The car models shown in Table 8 and Table 9 therefore only include dummy variables representing different levels of the various characteristics, and a deterministic time trend. As above, 'n.a.' indicates a variable that did not survive the model selection process.
These results show a positive trend exists in the propensity to use car for tourists from all origins (Table 8 ). There is no general trend observed in the distance travelled per night, although tourists from Japan exhibit a slight decreasing trend ( Table 9 ). As in the models with prices, there is a tendency for tourists from Australia and the UK to reduce the propensity of using car transport in the winter months, but this effect does not show up strongly in the distance per night. However, tourists from Korea travel shorter distances per night in late winter and spring.
Couples and family or friends groups are more likely to use car for all origins (Table 8) , and travel greater distances per night for all origins except Korea and China, relative to those who travelled alone ( Table 9 ). Purpose of visit also has a strong influence on the car distance per night, with all purposes from almost all origins travelling shorter distances per night than holiday tourists.
The other main driver of car travel behaviour is length of stay. Those with longer stays are significantly more likely to use car transport compared to those with shorter stays, but those with longer stays travel shorter distances per night. Age group also has an effect for some origins, with older tourists more likely to use car, and to travel a greater distance per night. As in the models with prices, non-tour group tourists are more likely to use car. Those for whom it is not their first visitor to New Zealand travel shorter distances per night by car for all origins except Korea and China (Table 9) . Finally, Table 10 and Table 11 show the estimated models for air travel behaviour including only characteristics variables and trends. As with the price models, the pseudo R 2 values for the probit models for propensity to use air are relatively low for Australia, the UK and the USA, however there is a large improvement for the Asian origins. This suggests that the additional levels of the characteristics variables included in these models are quite important for explaining the propensity to use air transport in the Asian markets. The adjusted R 2 values of the log-normal models for distance per night are also relatively high, and indicate that these models perform somewhat better than the previous set of models with prices included. There is no clear trend in the propensity to use air transport as there was for the propensity to use car transport; the propensity to use air is decreasing for tourists from the USA and Japan, but increasing for Korean tourists (Table 10 ). Air distance per night is slightly increasing for tourists from the UK and China, but decreasing for tourists from Japan (Table 11) .
Again, length of stay is a key driver of air transport behaviour, with those on longer stays having greater propensity to use air, but travelling shorter distances per night.
There is no clear effect of month of interview on the propensity to use air or air distance per night. As in the price models, couples and family and friends groups may be more or less likely to use air transport than those who travelled along, depending on the country of origin. Business associates are more likely to use air for tourists from the USA, Japan and China. For most origins, VFR tourists are less likely to use air transport (Table  10) , and those that do travel shorter distances per night than holiday tourists (Table 11 ).
For the USA and Japan, there is a strong relationship between age group and propensity to use air, with older tourists more likely to use air than younger tourists, but there is no significant effect of age on air distance per night. For all origins, non-tour tourists are less likely to use air than tour tourists. The effect of first visit on propensity to use air is mixed across origins, while there is no effect of first visit on air distance per night. 
Simulation of Goodness of Fit
In order to further evaluate the above models in their ability to explain the observed travel behaviour of international tourists within New Zealand, we have calculated some pseudo time series that can be compared with the actual data. Figure 5 shows the actual and estimated quarterly average propensity to use car and the average car distance per night. For the propensity to use car, the probit models estimate for each visitor the probability that they use car. We multiplied this probability by the visitor's sample weight in the IVS to determine the estimated number of tourists who used car transport in each quarter. We then divided this by the total number of tourists in that quarter to estimate the quarterly car propensity. Similarly, the estimated quarterly average car kilometres per night are weighted averages, using the IVS sampling weights. Figure 5 shows that the models explain the propensity to use car transport on a quarterly basis quite well. The fit of the kilometres per night for car transport is not quite as good, but still relatively close. In contrast, Figure 6 shows that for air transport, the models do a better job of explaining air kilometres per night compared to the propensity to use air transport. Nevertheless, in all cases, the explanatory power of the estimated models is relatively high. 
Discussion
This paper presented distance models for tourists to New Zealand from six major markets of origin. Models for the propensity to use car or air transport within New Zealand and the distance travelled by these modes were constructed, including price of transport as a factor alongside tourist characteristics such as purpose of visit, length of stay, age group, and month of visit.
The modelling presented in this paper indicates that price is not a major driver of transport decisions amongst visitors to New Zealand from Australia, the UK, the USA, Japan, South Korea and China. Only the propensity to travel by car for Australians and travel distance by car by British and Japanese tourists seem to be significantly negatively affected by petrol prices. The models also indicated that tourists who stay longer are more sensitive to petrol prices, and free independent travellers are more sensitive compared with tour group visitors in terms of the propensity to use cars and the distance travelled by air.
Apart from this, the tourist characteristics variables, particularly length of stay, age, travel party relationship and purpose of travel proved better explanatory power in relation to mode choice and distance travelled. For example, couples and family groups use car more often and travel further distance than other travel parties, and they are also less likely to travel by air. Business travellers have a higher propensity to use air transport while in New Zealand. As already shown in earlier work (Becken et al., 2003) , tourists who come to New Zealand to visit friends and relatives are more likely to use car (and less air than other visitors), but they travel less distance per day. This is partly explained by relatively long stays.
The longer tourists stay in New Zealand the more likely they are to use car, but the less distance they travel per day. The same pattern applies to air transport. Similarly, repeat visitors tend to travel fewer kilometres per day compared with first-time visitors. The winter months are characterised by lower car usage for some markets, but season does not affect the distance travelled by those who chose cars. Lower propensities to use car, for example for the Australian market, may be explained by a higher proportion of winter packages such as those for skiing holidays.
The results presented in this paper indicate that policies seeking to manage tourism transport should consider the characteristics of tourists, rather than rely on price alone. An environmental tax on transport (Ubbels et al., 2002) , for example, is not likely to have major effects, whereas changes in the market composition or tourists or seasonality could have potentially larger impacts on modal choices and overall travel distance. Australian tourists, for example, already have a high propensity to travel by car, and if arrivals from Australia increase, especially in the older age brackets, car travel distance is likely to increase. On the other hand, Australians are often repeat visitors, which has a negative effect on travel distance.
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The New Zealand Ministry of Tourism, in combination with their tourism forecast, is in a position to better understand likely decreases or increases in travel distance as a result of this research. This is, among other things, important in discussions around the 'carbon footprint' of tourism (Becken, 2008) and also how tourism might be affected by climate change policies. Tourist operators around the country will be concerned if travel distances decreases and destinations that are further away from the main centres are visited less frequently by tourists.
